Street trees are an important part of urban facilities, and they can provide both aesthetic benefits and ecological benefits for urban environments. Ecological benefits of street trees now are attracting more attention because of environmental deterioration in cities. Conventional methods of evaluating ecological benefits require a lot of labor and time, and establishing an efficient and effective evaluating method is challenging. In this study, we investigated the feasibility to use mobile laser scanning (MLS) data to evaluate carbon sequestration and fine particulate matter (PM 2.5 ) removal of street trees. We explored the approach to extract individual street trees from MLS data, and street trees of three streets in Nantong City were extracted. The correctness rates and completeness rates of extraction results were both over 92%. Morphological parameters, including tree height, crown width, and diameter at breast height (DBH), were measured for extracted street trees, and parameters derived from MLS data were in a good agreement with field-measured parameters. Necessary information about street trees, including tree height, DBH, and tree species, meteorological data and PM 2.5 deposition velocities were imported into i-Tree Eco model to estimate carbon sequestration and PM 2.5 removal. The estimation results indicated that ecological benefits generated by different tree species were considerably varied and the differences for trees of the same species were mainly caused by the differences in morphological parameters (tree height and DBH). This study succeeds in estimating the amount of carbon sequestration and PM 2.5 removal of individual street trees with MLS data, and provides researchers with a novel and efficient way to investigate ecological benefits of urban street trees or urban forests.
Introduction
Rapid urbanization tends to increase urban temperature, carbon dioxide (CO 2 ) emission, and ozone levels, which make urban areas warmer than rural areas [1] . CO 2 is the dominant greenhouse gas [2] . Fuel combustion, air pollution, decreasing urban green land, and some other factors lead to higher temperatures and more CO 2 in cities. Urban forests play an essential role in urban environment and street trees are an important part of urban forests [3] . Trees can fix carbon through photosynthesis and help decrease levels of atmospheric CO 2 [2] . In addition, shading and transpiration of street trees can reduce high urban temperatures and improve the thermal comfort for humans [1, 4] . Atmospheric (AGB) in miombo woodlands. Moreover, laser scanning is applied not only at plot level, but also at individual tree level. For example, Kankare et al. [29] developed models which are based on TLS data to estimate AGB of individual trees, and AGB estimation accuracies were improved when comparing with existing models. Laser scanning data can also be applied to evaluate carbon stocks in forests. Coomes et al. [26] compared the results of two different forest carbon mapping methods, an area-based method and a tree-centric method, by using the ALS point clouds. Above studies indicate that current applications of laser scanning mainly focus on natural forests, and few researches have been conducted for urban forests, especially for street trees.
ALS and TLS can be applied to different situations because of their own features. TLS is an efficient choice for acquiring accurate field data and is able to measure all important tree parameters [29] . TLS is more likely to carry out investigations at individual tree level. When trees in different plots need to be surveyed, TLS may suffer from laborious relocations [30] . As for ALS, it has relatively low point density that cannot depict canopy structure precisely, and thus ALS is usually utilized for plot level estimations of tree characteristics [30, 31] . Unlike ALS and TLS, MLS is seldom used for forestry applications. MLS can hardly move in natural forests, but it has incomparable superiority in urban applications, particularly in road inventory investigation [31] . MLS systems are more efficient than TLS systems and MLS data have higher point density than ALS data. The information of street trees can be recorded easily and comprehensively with MLS systems moving along the streets.
The objective of this study was to evaluate carbon sequestration and PM 2.5 removal by using MLS data and meteorological data, including wind speed and local PM 2.5 concentrations. We investigated (1) the method of extracting point cloud data of individual trees from raw MLS data; (2) the approach to measure tree morphological parameters, including tree height, crown width, and diameter at breast height, with the point clouds of individual trees; (3) the evaluation of carbon sequestration and PM 2.5 removal for various tree species based on the measured parameters and ecological models. According to the results, we also compared the ability of several tree species to sequester carbon and intercept PM 2.5 .
Materials

Study Area
Field data and MLS data were collected for three streets, namely Bihua Street, Taihu Street, and Shuangxia Street, in Nantong city (32 • 4 24 N, 121 • 5 27 E), which are located in the southeast of Jiangsu province ( Figure 1 ). Nantong has a temperate climate and mean precipitation in this city is approximately 1040 mm, and annual mean temperature in Nantong is around 15.1 • C. Nantong has various species of street trees, including Platanus acerifolia, Cinnamomum camphor (L.) Presl and Sapindus mukurossi Gaertn. The investigated streets have four different tree species. Street trees of Bihua Street are Platanus acerifolia and Cinnamomum camphor (L.) Presl, and street trees of Taihu Street and Shuangxia Street are Sapindus mukurossi Gaertn and Acer mono Maxim. respectively. 
Data Collection and MLS System
MLS data of the three streets were collected in May 2015, while field data of these streets were collected in July 2015. Specific information of street trees, including tree species, DBH, tree height, crown width, and precise position, were obtained during field data acquiring process. Point cloud data were collected by a HiScan-Z mobile laser scanning system (hereafter referred to as the "MLS", Figure 2 , Table 1 ), which is produced by Hi-Cloud Company, with high precision. MLS scans were performed when the system moved along the streets. Objects, such as buildings, trees, street lamps, and road signs, were scanned and their detailed information was recorded. 
Methods
The method ( Figure 3 ) proposed in this study consists of four steps, which are coarse classification of point cloud data, individual street trees extraction, morphological parameters measurements, and carbon sequestration and PM 2.5 removal estimation, respectively.
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The method ( Figure 3 ) proposed in this study consists of four steps, which are coarse classification of point cloud data, individual street trees extraction, morphological parameters measurements, and carbon sequestration and PM2.5 removal estimation, respectively. 
Individual Street Trees Point Clouds Extraction
A range of methods have been applied to detect individual trees in both natural forests and urban forests with point cloud data. Some of these methods choose not to process point cloud data directly, and use other LiDAR-derived data instead, such as Canopy Height Model (CHM), to extract single trees [32] . In recent years, methods [33] [34] [35] for extracting urban objects based on MLS data have developed rapidly. In this paper, we presented a simpler method (Figure 4 ) that used point cloud vertical characteristics and unique structural features of trees to extract individual street trees.
MLS Data Preprocessing
When we obtained raw MLS data, some preprocessing measures were taken. First of all, ground points and non-ground points were separated by utilizing the Cloth Simulation Filter (CSF), which is proposed by Zhang et al. [36] . The CSF algorithm assumes that there is a cloth covering the inverted point clouds, and the cloth would become an approximation of the ground surface. Ground points in point clouds can be extracted by comparing the generated cloth surface and the original LiDAR points. Then, noise and outlier points were removed by noise filter and Statistical Outlier Removal (SOR) filter. The SOR filter conducts statistical analysis for points in point clouds. For each point, the SOR filter computes the average distance to its neighbors, and if the distance is not within a certain range, the point will be regarded as an outlier and be removed from point clouds. When the above two procedures finished, the continuity of objects was broken and noise points were removed. 
Individual Street Trees Point Clouds Extraction
MLS Data Preprocessing
When we obtained raw MLS data, some preprocessing measures were taken. First of all, ground points and non-ground points were separated by utilizing the Cloth Simulation Filter (CSF), which is proposed by Zhang et al. [36] . The CSF algorithm assumes that there is a cloth covering the inverted point clouds, and the cloth would become an approximation of the ground surface. Ground points in point clouds can be extracted by comparing the generated cloth surface and the original LiDAR points. Then, noise and outlier points were removed by noise filter and Statistical Outlier Removal (SOR) filter. The SOR filter conducts statistical analysis for points in point clouds. For each point, the SOR filter computes the average distance to its neighbors, and if the distance is not within a certain 
Point Clouds Coarse Classification
After MLS data were preprocessed, the remaining points could be categorized as buildings, vegetation, road facilities, and some other ground objects. Generally, objects in these categories have different average heights. Vegetation that close to ground, such as shrubs or grass, are usually the lowest ground objects, street lamps and street trees have medium height, and buildings have the largest average height ( Figure 5 ). Coarse point cloud classification was conducted based on this perception, and coarse classification could eliminate points of ground objects whose heights were higher or lower than street trees. Algorithm 1 presents the process of point clouds coarse classification. 
Algorithm 1. Point clouds coarse classification algorithm
Input: Filtered MLS point clouds P 1 = {(X i , Y i , Z i )|i = 1, 2, . . . , n, n is the number of points} Output: Point clouds with classification information P 2 = {(X i , Y i , Z i , c j )|i = 1, 2, . . . , n, n is the number of points; c j is class number, j = 1, 2, . . . , m, m is the number of classes} 1. Set cubic square grids for points and put points into corresponding grids ( Figure 6 ). The size of grid is set as l m × l m × h m, and the value of l is set manually while the value of h is determined according to Equation (1). 2. Stratify points in each grid into layers with a proper spacing (S) (Equation (2), Figure 6 ) and calculate the average height of points in each layer (Equation (3)). Generally, S can be different for various situations, but it cannot be overly large or small. For most situations, 1m is a proper value for S. 3. Construct an m × n (m is the number of grids, n is the number of layers in each grid (Equation (4))) matrix and each n × 1 vector represents the average heights array of the corresponding grid ( Figure 6 ). 4. Utilize Principal Component Analysis (PCA) to reduce dimensions of the matrix and get the matrix's dominant features. 5. Use K-means algorithm to complete the classification of the vectors, and points that correspond to vectors, would also find their class. Add classification number, c j , for each point. 6. Return:
where Z max and Z min are the maximum and the minimum value of Z coordinates.
where S is the layer spacing, the point (X i , Y i , Z i ) is in the V i th layer.
where n is the number of points in the layer.
where n is the number of layers in each grid, S is the layer spacing and h is the height of the cubic square grid. According to the complexity of the ground objects in the study area, preprocessed MLS data were finally classified into three or four classes on the basis of average heights of point cloud data. The class that contained street trees would be processed in the next procedure.
Individual Street Trees Extraction
Since point cloud data became disconnected point blocks, points could cluster into independent ground objects based on spatial relations between points. Individual street trees could be extracted by selecting point clusters that had specific features.
The class which contained street trees was selected, and regular cubic square grids were set for this class with a smaller grid spacing, 0.2 m × 0.2 m. The number of points in each grid was counted. According to the fact that whether the grid had points, we generated a table with n x × n y cells (n x is the number of rows, n y is the number of columns). If one grid had points, the value of its corresponding cell would be set as the number of points, otherwise the value would be set as zero (Figure 7 ). Then, the table was divided into different parts by using a two-dimensional region growing algorithm (Algorithm 2, Figure 8 ). In Algorithm 2, Pseed is a set that reserves seed cells. Then, the table was divided into different parts by using a two-dimensional region growing algorithm (Algorithm 2, Figure 8 ). In Algorithm 2, Pseed is a set that reserves seed cells. Then, the table was divided into different parts by using a two-dimensional region growing algorithm (Algorithm 2, Figure 8 ). In Algorithm 2, P seed is a set that reserves seed cells. 
1.
Traverse T a and find an unmarked valid cell, whose value is not zero, and mark the cell as a seed cell. Put the cell into P seed . 2. Select a cell from P seed , S i , mark the cell and erase it from P seed . 3. Search four adjacent cells (in order of up, down, left and right) around S i . If adjacent cells were valid, these cells would be put into P seed . 4. Loop process 2 to 3 until P seed is empty, and marked cells would cluster into one part. 5. Go back to process 1 to find a new seed cell, and conduct process 2 to 4 sequentially until all valid cells are marked. When valid cells find the part that they belong to, their corresponding grids and points in these grids would also cluster into different parts.
When point cloud data were divided into several point clusters, individual street trees could be extracted from these clusters based on some features. Four features were selected to find out point clusters of street trees:
(1) ΔZ: The difference between the maximum and the minimum Z coordinates (Equation (5)) of the point cluster.
(2) ΔX/ΔY: The ratio of the difference of the maximum X, Y coordinate and the minimum X, Y coordinate (ΔX, ΔY) (Equation (6)).
The projected area of a point cluster. Each horizontally projected point cloud cluster is segmented into several grids with a small grid spacing, 0.3 m, and the number of point-occupied grids are regarded as the PA of the cluster. When valid cells find the part that they belong to, their corresponding grids and points in these grids would also cluster into different parts.
(1) ∆Z: The difference between the maximum and the minimum Z coordinates (Equation (5)) of the point cluster.
(2) ∆X/ ∆Y: The ratio of the difference of the maximum X, Y coordinate and the minimum X, Y coordinate (∆X, ∆Y) (Equation (6)).
The projected area of a point cluster. Each horizontally projected point cloud cluster is segmented into several grids with a small grid spacing, 0.3 m, and the number of point-occupied grids are regarded as the PA of the cluster. Values of ΔZ, ΔX/ΔY, PA, and d of all point clusters would be calculated, and constraints of these values would be set ( Table 2 ). The ΔZ threshold was set as 1.3 m because heights of most street trees were above 1.3 m. Given that point clouds of street trees were not complete and the integrity of tree crowns was damaged, ΔX/ΔY was set between 0.5 and 1.5 to avoid omitting some trees. PA of street trees varied and it was hard to choose proper thresholds. In this case, several experiments were conducted before determining thresholds of PA, and the final minimum threshold and maximum threshold were 60 and 300. Distances from street trees to street central line were restricted between (SW/2-1) m to (SW/2+1) m to provide buffer for the distances. When point clusters can satisfy all constraints, these point clusters would be eventually extracted as street trees. 
Morphological Parameters of Trees' Measurements
The application of laser scanning technology can acquire precise information of urban trees rapidly and reduce the workload for urban forest workers. Various algorithms [34, 37, 38] for measuring morphological parameters with different kinds of laser scanning data, including ALS data, TLS data, and MLS data, have been studied. In this study, we primarily measured three morphological parameters of trees, including tree height, crown width, and DBH. To make the measuring process more specific, points of crown and trunk were separated.
Tree Height Measurement
Tree height measuring method was conducted with following steps:
Step 1: Project trunk points onto the XOY plane, and fit these projected points with a circle [39] , whose center is (X0, Y0).
Step 2: Construct a square that regards (X0, Y0) as its center. The length and width of the square are set as 1.5 m to contain points around the trunk.
Step 3: Find projected points that are in the square, namely their coordinates (X, Y) satisfy Expression (7), and extract their corresponding 3D points. 
Step 4: Measure the tree height by calculating the difference between the maximum Z coordinate and the minimum Z coordinate of the extracted 3D points.
The measuring method employed in this study considers points in the primary growing direction.
Crown Width Measurement
Crown points were selected to measure crown width by following the steps below ( Figure 10 ): Values of ∆Z, ∆X/ ∆Y, PA, and d of all point clusters would be calculated, and constraints of these values would be set ( Table 2 ). The ∆Z threshold was set as 1.3 m because heights of most street trees were above 1.3 m. Given that point clouds of street trees were not complete and the integrity of tree crowns was damaged, ∆X/∆Y was set between 0.5 and 1.5 to avoid omitting some trees. PA of street trees varied and it was hard to choose proper thresholds. In this case, several experiments were conducted before determining thresholds of PA, and the final minimum threshold and maximum threshold were 60 and 300. Distances from street trees to street central line were restricted between (SW/2-1) m to (SW/2+1) m to provide buffer for the distances. When point clusters can satisfy all constraints, these point clusters would be eventually extracted as street trees. 
Morphological Parameters of Trees' Measurements
Tree Height Measurement
Step 1: Project trunk points onto the XOY plane, and fit these projected points with a circle [39] , whose center is (X 0 , Y 0 ).
Step 2: Construct a square that regards (X 0 , Y 0 ) as its center. The length and width of the square are set as 1.5 m to contain points around the trunk.
Step 3: Find projected points that are in the square, namely their coordinates (X, Y) satisfy Expression (7), and extract their corresponding 3D points.
Crown Width Measurement
Crown points were selected to measure crown width by following the steps below ( Figure 10 ):
of projected crown points.
Step
Step (9)). 
DBH Measurement
For trees with different point density, two DBH measuring methods were introduced in this study:
(1) For trees with relatively high point density, trunk points between 1.2 m to 1.4 m off the ground are extracted and a circle is fitted for these points. The diameter of the circle is regarded as DBH.
(2) For trees whose trunk points at breast height are sparse and cannot depict the profile of the trunk, all trunk points are employed to measure DBH. Trunk points are segmented vertically with a proper spacing, 0.2 m to 0.4 m. Points in each segment would be projected onto the horizontal plane and a fitted circle would be formed for the points in the segment. The average of diameters of all circles is DBH (Equation (10)).
where n is the number of trunk segments.
Carbon Sequestration Estimation
Biomass of each street tree can be calculated by using allometric equations, and whole tree dry weight biomass and carbon storage can be estimated with conversion factors [17] . Thus, before estimating carbon storage of street trees, their biomass needs to be calculated first, and tree height and DBH are applied in allometric equations to estimate biomass. Annual carbon sequestration of street trees is the difference of their carbon storage between year x and year (x+1). So, tree height growth and DBH growth in a year would be predicted before estimating carbon sequestration [17] . In this research, the i-Tree Eco model was employed to calculate carbon sequestration. Essential information of street trees was imported to i-Tree Eco software, and detailed calculating results, including leaf area, carbon storage, and annual gross carbon sequestration, of each street tree were obtained.
PM2.5 Removal Estimation
UFORE-D, a part of UFORE model and specializing in estimating air pollution removal, was employed to estimate PM2.5 removal in our study. Equation (11) [13] is the calculating formula of hourly pollution removal: Step 1: Project crown points onto the horizontal plane (XOY plane), and extract boundary points of projected crown points.
Step 2: Find the minimum circle that enclose all crown boundary points, and obtain the coordinates of the circle's center, (X c , Y c ).
Step 3: Calculate distances (L) between boundary points and the center of the circle (Equation (8)). The average of ten largest distances is regarded as half of the crown width (Equation (9)).
CW 2 = r 1 + r 2 + r 3 + r 4 + r 5 + r 6 + r 7 + r 8 + r 9 + r 10 10
DBH Measurement
Carbon Sequestration Estimation
PM 2.5 Removal Estimation
UFORE-D, a part of UFORE model and specializing in estimating air pollution removal, was employed to estimate PM 2.5 removal in our study. Equation (11) [13] is the calculating formula of hourly pollution removal:
where F (µg·m −2 ·h −1 ) is the deposition flux, V d (m·h −1 ) is the deposition velocity of pollutants to the leaf surface and C (µg·m −3 ) is the pollutant concentration. Total removal of PM 2.5 can be calculated according to Equation (12) [40] :
where M is the total quantity of PM 2.5 removal, LA is leaf area of street trees and T is the number of purifying hours. To estimate PM 2.5 removed by street trees, leaf area of street trees, PM 2.5 concentration monitoring data, and daily purifying hours need to be collected. Leaf area [41] is calculated by using the i-Tree Eco model, and PM 2.5 concentration data and daily purifying hours can be obtained by visiting the meteorological website. Apart from these data, the deposition velocity of PM 2.5 to the leaf surface ought to be determined. The deposition velocity is determined by experiments instead of experiential research, and because of the restricted experimental conditions, we referred to some references to find corresponding deposition velocities of PM 2.5 for different tree species. Table 3 [13, 40] presents deposition velocities of several tree species at different wind speeds. Deposition velocities for four tree species in our research could not be found in the references, so deposition velocities of Cinnamomum camphor (L.) Presl and Acer mono Maxim. were replaced by average deposition velocities of evergreen broadleaved trees and deposition velocities of Acer pseudoplatanus, respectively, and deposition velocities of Sapindus mukurossi Gaertn and Platanus acerifolia were replaced by average deposition velocities of deciduous broadleaved trees. 
Results
Extraction of individual street trees was applied for three streets in the study area, respectively, and the extracting correctness rates were above 92%. Morphological parameters of each street tree were calculated and the results were evaluated by comparing with the field-measured parameters. With the employment of the i-Tree Eco model and morphological parameters, carbon sequestration and PM 2.5 removal were estimated.
Street Trees Extraction
During MLS data acquiring process, data of three streets were collected separately, thus street trees extraction for streets were performed individually.
Before conducting coarse classification, the square grid size and the layer spacing needed to be determined. In order to find appropriate grid size, layer spacing, and the number of classes, we attempted different combinations of these three parameters. Final combinations for the three streets were shown in Table 4 . Bihua Street and Shuangxia Street had the same grid size and layer spacing, while these two parameters of Taihu Street were slightly larger. The final grid sizes, 4 m × 4 m and 5 m × 5 m, were close to the sizes of street trees' crowns. By observing ground objects on the three streets, we found that there was no building on Shuangxia Street, and buildings on Taihu Street were higher than buildings on Bihua Street. In addition, Taihu Street had more abundant variety of ground objects than other two streets. Therefore, Taihu Street needed a lager layer spacing (2 m), and more classes (4 classes). With the final parameters setting, most street trees were classified into the same class. Then, points in the class, which contained street trees, were allocated to different point clusters. When a point cluster met all requirements presented in Table 2 , the point cluster would be extracted as a street tree. Results of street trees extraction are presented in Table 5 . Extraction completeness rates for Bihua Street, Shuangxia Street, and Taihu Street were 97.9%, 98.4%, and 100% respectively, and correctness rates for these three streets were 92%, 98.4%, and 93.2% respectively. Figure 11 showed false extraction results by using the proposed algorithm, including false positives and false negatives. Some street lamps and road signs, whose point clouds mixed with street trees, were extracted as street trees. Trees with lower tree heights and smaller crown widths were omitted by the algorithm. Figure 12 presents the extraction results of the three streets in the study area. When a point cluster met all requirements presented in Table 2 , the point cluster would be extracted as a street tree. Results of street trees extraction are presented in Table 5 . Extraction completeness rates for Bihua Street, Shuangxia Street, and Taihu Street were 97.9%, 98.4%, and 100% respectively, and correctness rates for these three streets were 92%, 98.4%, and 93.2% respectively. Figure 11 showed false extraction results by using the proposed algorithm, including false positives and false negatives. Some street lamps and road signs, whose point clouds mixed with street trees, were extracted as street trees. Trees with lower tree heights and smaller crown widths were omitted by the algorithm. Figure 12 presents the extraction results of the three streets in the study area. 
Results Streets
Morphological Parameters Measurements
In total, there were 148 street trees extracted from MLS data. Some street trees were not in study area and field data of these trees were not collected, so we excluded these trees and extracted the omitted street trees manually. Eventually, morphological parameters for 143 street trees were measured. The number of street trees on Bihua Street, Shuangxia Street, and Taihu Street was 41, 62, and 40, respectively.
For street trees on each street, RMSE (Root Mean Square Errors) and mean errors of the three morphological parameters were calculated ( Table 6 ). Parameters of street trees on Taihu Street had the largest RMSE of tree height and crown width, while the RMSE of DBH was the smallest. Street trees on Bihua Street had the smallest RMSE of crown width measurements and the largest RMSE of DBH measurements. RMSE of tree height measurements for street trees on Shuangxia Street was the smallest. Although RMSE of morphological parameters measurements for trees on the three streets differed, the differences were minor. Values of mean errors of these parameters' measurements indicated that morphological parameters derived from MLS data were mostly underestimated. To understand the relevance between MLS-derived parameters and field measured parameters, scatter plots were created for the three parameters ( Figure 13 ). R 2 values for tree height and crown width are 0.99 and 0.80, respectively, while R 2 for DBH is 0.52. Due to the issue of tree trunks point density, measurements of DBH is more difficult and complicated, and MLS-derived DBH is less correlated with field measured DBH. Tree heights of street trees ranging from 4 m to 10 m, and this parameter showed a better agreement between MLS-derived results and field measured results than the other two parameters. Trees on Shuangxia Street had larger tree heights than trees on Bihua Street and Taihu Street. Crown widths were between 1.5 m and 5 m, and street trees on Taihu Street had larger average crown width. As for DBH, most street trees had DBH ranging from 7.5 cm to 20 cm, only a tree on Bihua Street had DBH approximated to 25 cm. Overall, morphological parameters derived from MLS data had relatively high accuracy. 
Carbon Sequestration and PM2.5 Removal Estimation
Measured morphological parameters of each street tree were imported to the i-Tree Eco model to estimate carbon sequestration and PM2.5 removal.
Annual carbon sequestration (Figure 14a ) could be obtained directly from reports that generated from i-Tree Eco software. Carbon sequestration of street trees ranged from 1.2 kg/year to 5.2 kg/year. Cinnamomum camphor (L.) Presl trees on Bihua Street had the largest annual carbon sequestration. Several Acer mono Maxim. trees on Shuangxia Street and Sapindus mukurossi Gaertn trees on Taihu Street had relatively large annual carbon sequestration, while the rest of Acer mono Maxim. trees, Sapindus mukurossi Gaertn trees and a Platanus acerifolia tree on Bihua Street had less annual carbon sequestration.
As for PM2.5 removal (Figure 14b ), we collected meteorological data, including PM2.5 concentrations and wind speeds (Table 7) , in April 2015 of Nantong. There were 10 rainy days in April 2015 and these days were excluded in our research, so the total purifying time was 20 days. PM2.5 removed by street trees in April 2015 ranged from 2 g to 43 g. Sapindus mukurossi Gaertn trees on Taihu Street and the Platanus acerifolia tree on Bihua Street had large PM2.5 removal, while Cinnamomum camphor (L.) Presl trees on Bihua Street had less PM2.5 removal. The amount of PM2.5 that removed by Acer mono Maxim. trees was between the amount of PM2.5 removed by Sapindus mukurossi Gaertn trees and Cinnamomum camphor (L.) Presl trees. The distribution of PM2.5 removal was significantly different from the distribution of annual carbon sequestration. 
Carbon Sequestration and PM 2.5 Removal Estimation
Measured morphological parameters of each street tree were imported to the i-Tree Eco model to estimate carbon sequestration and PM 2.5 removal.
Annual carbon sequestration (Figure 14a ) could be obtained directly from reports that generated from i-Tree Eco software. Carbon sequestration of street trees ranged from 1. 
Discussion
Street Trees Extraction
To complete street trees extraction, point clouds coarse classification and extracting individual street trees based on feature constraints need to be accomplished.
For coarse classification, setting the grid size and the layer spacing is a critical step, because these two parameters have direct influences on classification results. Several combinations of these two parameters were employed to obtain satisfactory coarse classification results. However, regular grids As for PM 2.5 removal (Figure 14b ), we collected meteorological data, including PM 2.5 concentrations and wind speeds (Table 7) , in April 2015 of Nantong. There were 10 rainy days in April 2015 and these days were excluded in our research, so the total purifying time was 20 days. PM 2.5 removed by street trees in April 2015 ranged from 2 g to 43 g. Sapindus mukurossi Gaertn trees on Taihu Street and the Platanus acerifolia tree on Bihua Street had large PM 2.5 removal, while Cinnamomum camphor (L.) Presl trees on Bihua Street had less PM 2.5 removal. The amount of PM 2.5 that removed by Acer mono Maxim. trees was between the amount of PM 2.5 removed by Sapindus mukurossi Gaertn trees and Cinnamomum camphor (L.) Presl trees. The distribution of PM 2.5 removal was significantly different from the distribution of annual carbon sequestration. 
Discussion
Street Trees Extraction
For coarse classification, setting the grid size and the layer spacing is a critical step, because these two parameters have direct influences on classification results. Several combinations of these two parameters were employed to obtain satisfactory coarse classification results. However, regular grids sometimes cannot obtain integral trees and this problem would generate some errors when measuring morphological parameters of trees. When extracting individual street trees, four feature constraints, including three morphological feature constraints (∆Z, ∆X/∆Y, PA) and a positional feature constraint (d), are proposed. Morphological features of point clusters can assist to depict the shapes of trees. Constraining the morphological features can exclude some ground objects whose morphological features do not match to trees, such as walls, street lamps, and road signs. The positional feature constraint, d, is restricted to about half of the street width (SW) to help eliminate trees that are not street trees.
Most street trees on the three streets were successfully extracted based on coarse classification and feature constraints. Nevertheless, some trees were omitted and a few street lamps and road signs were difficult to remove. As the coarse classification is conducted based on average heights of ground objects, trees whose height were much lower or higher than the average height of all trees may be omitted. If street trees had irregular shapes or small crowns so that they could not satisfy feature constraints, these trees were omitted as well. Street lamps and road signs, whose point clouds mixed with street trees, could be hard to distinguish from street trees, and the proposed method could not deal with the situation at present. Our method needs to be improved to separate mixed point clouds.
Currently, many methods consider using 3D voxels and spatial region growing algorithms [34, 35, 42 ] to obtain point clouds of street objects from MLS data, including street trees, more accurately. This kind of method can acquire more accurate extraction results, but also requires lots of computing resources. Moreover, Tao et al. [43] introduced the comparative shortest-path algorithm (CSP) which utilized metabolic ecology theories to segment tree crowns. Utilizing ecological theories to segment trees is considerably novel and can make use of ecological features of trees. Lehtomäki et al. [44] proposed a machine-learning-based method to complete street objects classification. Completeness and correctness of street objects classification and extraction are improved attributing to the method. Our method can extract street trees correctly and efficiently for simple street environment. However, the proposed method needs to be improved for more complicated street environments. In future work, more features of point clusters, such as point density and point distribution, can be used to distinguish street trees, and machine learning and deep learning algorithms can be introduced in our study to acquire more precise classification results.
Morphological Parameters Measurements
Morphological parameters of street trees measured in this study included tree height, crown width and diameter at breast height, which provide fundamental information about street trees.
The tree height measuring method utilizes the growing characteristic of trees and the results are of high precision. For crown width and DBH, point density is a vital factor that influenced the measuring methods for these two parameters. For street trees, points of tree crowns distribute unevenly, the part of tree crowns that closed to streets has higher point density, and point clouds of tree trunks are not integral. Considering the issue of uneven point density, results generated from circle-fitting and ellipse-fitting methods sometimes are not convincible. Crown width and DBH measuring methods proposed in this paper considers the characteristics of tree crown point clouds and tree trunk point clouds. The crown width measuring method could help avoid underestimating or overestimating crown widths. As for DBH, we adopt two measuring approaches. Street trees on Shuangxia Street and Taihu Street were of high point density, so trunk points at breast height were extracted to measure DBH. Street width of Bihua Street was wider than street widths of other two streets, so the point density of street trees on Bihua Street was lower, and measuring DBH of street trees required all trunk points of these trees. The precision of measuring results in our study were close to the precision of measuring results in Wu et al. [34] , and the proposed measuring methods performed well when compared with other measuring methods [43] . However, DBH plays a crucial role in estimating the ecological benefits of trees, and the result of DBH measurements is not precise enough, thus improving the DBH measuring method is necessary in future work.
Carbon Sequestration and PM 2.5 Removal Estimation
Remote sensing methods, especially the combination of images (aerial or satellite) and LiDAR data, have been applied to estimate biomass, carbon storage, and map structures of urban forests in many studies [45] [46] [47] [48] . However, most of these researches utilized ALS data and TLS data, and researches about utilizing MLS data or MLS-derived parameters to estimate carbon sequestration and pollutants removal are not common. In this study, tree heights and DBH of street trees generated from MLS data and tree species were imported to i-Tree Eco model to estimate carbon sequestration and PM 2.5 removal of these trees.
When integral information are imported to i-Tree Eco model, carbon sequestration and leaf area can be obtained. According to the estimation results of each street tree, it is hard to conclude which trees species can bring greater ecological benefits for the urban environment. Carbon sequestration of trees is derived from tree biomass, and tree biomass is calculated based on allometric equations. The equations are distinct for different tree species. With respect to PM 2.5 removal estimation, apart from leaf area, meteorological data and PM 2.5 deposition velocities are also required, and deposition velocities vary considerably for different tree species. The decisive contributing factor that affects the estimation results of carbon sequestration and PM 2.5 removal is tree species, which represents the natural properties of trees. For different tree species, tree height and DBH have limited influence on the estimation results of the two ecological benefits. While for the same tree species, the estimation results of carbon sequestration and PM 2.5 would be mainly determined by tree height and DBH.
Tree height, DBH, and tree species are fundamental information for evaluating ecological benefits. To obtain more precise estimation results, the i-Tree Eco model requires more detailed information about trees, such as height to crown base and height to live top. In addition, there are no PM 2.5 monitoring stations in study area, so PM 2.5 concentrations data in the study area were replaced by the PM 2.5 concentrations in Nantong City, which were not precise enough. PM 2.5 deposition velocities of some tree species are not measured, and they have to be substituted by deposition velocities of the same genus or deposition velocities of all broadleaf or conifer trees. The deficiency of PM 2.5 concentration data and deposition velocity data would create inaccuracies of the results.
Overall, estimation results of carbon sequestration and PM 2.5 presented in this paper is crude because of limited data and the equations used in the i-Tree Eco model [46] . However, the two ecological benefits generated from different tree species and different trees of the same species can be observed, and thus help to select tree species or trees that are more beneficial to urban street environments.
Conclusions
This work has proven that using raw MLS data to obtain morphological information and evaluate ecological benefits of individual urban street trees rapidly is feasible. The accuracy and efficiency of street trees extraction are improved by utilizing the method proposed in our study. Morphological parameters of each street tree, including tree height, crown width and DBH, are measured, enabling us to evaluate the ecological benefits of each street tree. Carbon sequestration and PM 2.5 removal of street trees can be obtained by importing the required information into the i-Tree Eco model. Our results suggest that ecological benefits are varied for different tree species, and for trees of the same species, ecological benefits are not the same. In order to obtain estimation results with higher accuracy, more sufficient and detailed data of street trees and the urban environment need to be collected. Additionally, understanding physiological characteristics of street trees can assist our understanding of the mechanism of ecological benefit generation, and physiological characteristics can be obtained with the help of spectral information. Therefore, in further study, spectral data of trees can be incorporated into research data to improve ecological benefits estimation results. Urban planners will be able to identify street trees that are more suitable for cities based on their ecological benefits. Funding: This research received no external funding.
